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Abstract

A recent study [40] has shown that large-scale visual datasets are very biased:
they can be easily classified by modern neural networks. However, the concrete
forms of bias among these datasets remain unclear. In this study, we propose a
framework to identify the unique visual attributes distinguishing these datasets. Our
approach applies various transformations to extract semantic, structural, boundary,
color, and frequency information from datasets, and assess how much each type
of information reflects their bias. We further decompose their semantic bias with
object-level analysis, and leverage natural language methods to generate detailed,
open-ended descriptions of each dataset’s characteristics. Our work aims to help
researchers understand the bias in existing large-scale pre-training datasets, and
build more diverse and representative ones in the future. Our project page and code
are available at boyazeng.github.io/understand_bias.

1 Introduction

Recently, Liu and He [40] revisited the “Name That Dataset” experiment introduced by Torralba
and Efros [69] in 2011, which highlighted the built-in bias of visual datasets. It is a classification
task where each dataset forms a class, and models are trained to predict the dataset origin of each
image. The datasets back in 2011 were found to be classified quite accurately by SVMs [69]. Since
then, significant efforts have been devoted to creating more diverse, large-scale, and comprehensive
datasets [15, 37, 35, 60]. Surprisingly, a decade later, the largest and supposedly most diverse datasets
(e.g., YFCC [66], CC [11], DataComp [19]) can still be classified with remarkably high accuracy by
modern neural networks [40].

Although we now know these large-scale datasets are very biased, a lingering question remains: what
are the concrete forms of bias among them1, that cause them to be easily classified? Understanding
the bias among datasets is essential for addressing it, and for improving dataset diversity and
coverage. Creating datasets that more comprehensively represent the real world is challenging yet
crucial [64, 55, 31]—only then can we build truly general-purpose vision systems—systems capable of
handling various scenarios out of the box, and performing reliably in real-world situations [30, 29, 24].

To this end, we develop a framework for understanding the concrete forms of bias among datasets.
We isolate the semantic, structure, boundary, color, and frequency information through various
transformations. For example, transforming an image into a semantic segmentation map preserves
semantics while discarding most texture information. We then perform the dataset classification task
on the transformed datasets, to quantify how each type of information reflects the dataset bias.

To pinpoint the semantic bias in datasets, we further conduct object-level and open-ended language
analysis. Specifically, we leverage pre-trained recognition models to identify objects that characterize
each dataset. In addition, using a Vision-Language Model (VLM), we generate image captions as

1Note that in this work we study bias among datasets. This concerns the coverage of concepts and content
(i.e., how representative the dataset is for the real world). This is related to, but different from, another notion of
bias that concerns social and stereotypical bias, as well as algorithm fairness [8, 75, 6, 47].
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surrogate language representations of the images. We then apply topic models and Large Language
Models (LLMs) to generate natural language descriptions for each dataset.

We apply our framework to three popular large-scale visual datasets: YFCC, CC, and DataComp,
following [40]. Surprisingly, after transforming images into various semantic and structure represen-
tations (e.g., object bounding boxes and contours), neural networks can almost always still accurately
predict their dataset origin. This highlights the bias in semantics and object shapes. Our object-level
queries further reveal a discrepancy in object diversity and distribution across the YCD datasets.
Lastly, open-ended language analysis indicates that YFCC emphasizes outdoor and natural scenes
with human interactions, while DataComp features digital graphics heavily.

Our framework operates on images only and does not require any human annotations, making it
compatible with any image dataset. It can be applied in future dataset curation to assess data diversity,
and guide the inclusion of data with various attributes. We hope this work can help researchers
address dataset bias based on their needs, and develop more inclusive and diverse visual datasets.

2 Related Work

Dataset classification. The dataset classification problem was originally proposed by Torralba and
Efros [69] in 2011. Tommasi et al. [68] later also studied this problem with linear classifiers using
pre-trained CNN features. In contrast to prior work focusing on labeled smaller-scale datasets with
shared object classes, Liu and He [40] recently revisited the dataset classification problem with
large-scale, diverse, and presumbly less-biased datasets. They demonstrated that modern neural
networks are still excellent at capturing bias among these datasets. Our work identifies the exact
forms of the bias among datasets beyond dataset classification results.

Social bias and fairness. Extensive literature has highlighted that various visual datasets underrep-
resent certain demographic groups [70, 75, 51], contain various gender stereotypes [81, 28, 45], or
ignore some geographical regions [62, 75, 71]. These social fairness issues in datasets result in the
deployment of flawed models [8, 72, 6] that may produce biased predictions or struggle to generalize
well across different domains. Instead of focusing on social fairness in each dataset, we study the
representativeness (i.e., coverage of real-world concepts and objects) and understand its differences
among datasets. Note that Meister et al. [45] also use transformations to isolate different types of
information, with a specific focus on gender bias in datasets.

Bias detectors and debiasing tools. There are approaches that can locate the imbalance of object
representation within datasets [23, 71]. Dataset rebalancing methods [8, 75] seek to correct these
representation imbalances across protected attributes. Algorithmic intervention and regularization,
such as adversarial training [78, 79, 44] and domain-independent training [73], can counteract the
propagation of bias and stereotypes in downstream modeling. Note that these prior methods often
require ground-truth annotations to identify or mitigate potential bias, while our framework can
analyze unlabeled pre-training datasets and provide insights beyond object distribution imbalances.

3 Isolating Bias with Transformations

Although modern neural networks can achieve excellent accuracy in the dataset classification prob-
lem [40], what bias is captured by neural networks remains unclear. To better understand this, we
selectively preserve or suppress specific types of information using various transformations. We then
train a new model on the transformed datasets to perform the dataset classification task. As a result,
its dataset classification performance indicates the level of bias in the extracted information. For
example, transforming an image into a depth map captures the spatial geometry while discarding
texture, allowing us to assess bias present solely in spatial information.

3.1 Datasets and Settings

Based on Liu and He [40], we take YFCC100M [66], CC12M [11], and DataComp-1B [19] (collec-
tively referred to as “YCD”) and study their bias in this work. Figure 1 shows example images.

Our training setup is also adapted from [40]. Specifically, we randomly sample 1M and 10K images
from each dataset as training and validation sets, respectively. We employ the same ConvNeXt-Tiny
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YFCC CC DataComp

original 82.0%
�0.3%

Figure 1: Original images. We sample two images from each of YFCC [66], CC [11], and
DataComp [19]. Dataset classification on the original images has a reference accuracy of 82.0%.

image classification model [41] and train it for 30 epochs to classify the combined dataset with
3M samples. Note that the original work [40] achieves 84.7% accuracy on the validation set, while
we achieve 82.0% accuracy due to shorter training (roughly 23% of original length). We refer to
this 82.0% as the reference accuracy in this paper. For all image transformations, we use the
same ConvNeXt-Tiny model and almost identical recipes (details in Appendix A.1). We repeat data
sampling and experiments three times, reporting mean validation accuracy and standard deviation.

3.2 Semantics

To start, we seek to understand how semantically biased the datasets are. Specifically, we extract
semantic components from the images with fine-grained, coarse-grained, or no spatial detail. Also,
we apply a variational autoencoder, potentially reducing low-level signatures (e.g., color quantization,
JPEG compression). Figure 2 shows the transformations and their dataset classification accuracies.

YFCC CC DataComp
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Figure 2: Transformations preserving semantic information (semantic segmentation, object
detection, and caption) and potentially reducing low-level signatures (VAE) result in high dataset
classification accuracy. This suggests that semantic discrepancy is an important form of dataset bias.

Semantic segmentation offers fine-grained semantic annotation with rich object information by
assigning a class label to each pixel. We take a semantic segmentation model ViT-Adapter-Large [12]
(with BEiT-v2 [53] backbone) trained on ADE20K [83] with 150 semantic classes (e.g., wall, building,
sky, etc.) to generate a semantic segmentation mask for each image. This mask is represented as an
RGB image using a color palette for different classes, as shown in Figure 2. The model trained on
this color-coded mask achieves 69.8% accuracy, well above the chance level.
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Object detectionprovides coarse spatial annotations for objects through rectangle bounding boxes.
We use ViTDet-Huge [36] trained on LVIS [25] with 1203 object categories to derive bounding boxes
from each image. We keep object class names on the bounding boxes to account for semantic meaning.
This representation reaches 61.9% dataset classi�cation accuracy, below semantic segmentation.

Image captioningdiscards all visual information and produces semantic representations through
natural language. Captions are less affected by pixel variations and spatial cues in images. Using
LLaVA 1.5 [39, 38], we generate a single-sentence caption and a long-paragraph caption for each
image. Short captions are shown in Figure 2, and long captions are in Appendix D. We �netune a
sentence embedding model Sentence T5-base [50] to perform dataset classi�cation on these captions.
This results in 63.8% accuracy on short captions and 66.1% on long ones, both nearing the accuracy
for semantic segmentation. The richer details in longer captions enhance performance.

Variation autoencoder (VAE) [33] encodes each image into a latent vector and then reconstructs the
original image from it. The datasets may use different JPEG compressions or image resolutions, which
could be exploited as shortcuts by dataset classi�cation models. However, VAE's low-dimensional
latent space may encode semantic information and suppress such low-level signatures. Reconstructing
the images with a pre-trained VAE from Stable Diffusion [58] only slightly decreases the accuracy
from 82.0% to 77.4%, suggesting that low-level bias may have a smaller impact than semantic bias.

Semantic segmentation, object detection, and image captioning extract semantic information with
decreasing levels of spatial information. On the other hand, VAE could potentially reduce low-level
signatures while preserving the semantics. The high accuracies of dataset classi�cation models
indicate thatsemantic bias is an important component of dataset bias in YCD.

3.3 Structures

Next, we analyze the dataset bias rooted in object shape and spatial geometry rather than object
semantics. To capture such structural visual bias, we use the Canny edge detector and the Segment
Anything Model (SAM) [34] to outline object contours, and the Depth-Anything-V2 model [76] to
measure pixel-level depth. While contour delineates �ne-grained object shape, and depth estima-
tion offers relative object positions, both lack the rich object semantic details present in semantic
segmentation masks and bounding boxes (e.g., object class). Figure 3 visualizes the transformations.

YFCC CC DataComp

Canny
edge

71.0%
� 0.2%

SAM
(contour)

73.2%
� 0.6%

depth 73.1%
� 0.2%

Figure 3: Transformations outlining object shapes and estimating pixel depth. Dataset clas-
si�cation achieves even higher accuracies on object contours and depth images than on semantic
information, indicating that object shapes and spatial geometry vary signi�cantly across YCD.

Canny edge detector[10] is a classical algorithm that outlines rough object boundaries by capturing
sharp intensity changes. It removes noise with a Gaussian �lter, calculates intensity gradients, and
applies non-maximum suppression to form edges, represented as a binary mask. This results in 71.0%
classi�cation accuracy, 11% below the reference accuracy (82.0%).
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Segment Anything Model (SAM)[34] can provide high-quality object segmentation masks. We
could then use them to delineate cleaner and more accurate shapes of objects that are minimally
affected by local pixel variations, compared to the Canny edge detector. Speci�cally, we use SAM
with the ViT-Large backbone to generate class-agnostic segmentation masks and identify boundaries
by �nding pixels whose surrounding pixels are not all from the same object. The classi�cation
accuracy on SAM contours (73.2%) is slightly higher than that on Canny edge (71.0%).

Depth estimation captures the scene's spatial geometry, offering �ne-grained spatial context and
relative object positioning. Like contours, it excludes explicit semantic information about objects.
The Depth-Anything-V2 (ViT-L) model [76] generates pixel-level depth estimation, encoded as a
normalized grayscale image. The resulting 73.1% accuracy is comparable to that of SAM contours.

The dataset classi�cation accuracies on object contours and depth are even higher than the ones on
semantics. This shows thatobject shape and spatial geometry variations are signi�cant among YCD.

3.4 Spatial Permutations

To further understand the level of bias captured in spatial information as opposed to semantics, we
keep the RGB values of all pixels in each image unchanged but shuf�e the pixel positions to disrupt
spatial coherence. We shuf�e each image on the pixel level and the patch level, following a �xed
order and a random order for all images. Figure 4 shows the images shuf�ed in a random order.

YFCC CC DataComp

pixel
shuf.

52.2%
� 0.8%

(rnd.)
58.5%
� 0.5%

(�xed)

patch
shuf.
(16x16)

80.1%
� 0.2%

(rnd.)
81.2%
� 0.3%

(�xed)

Figure 4:Transformations breaking spatial structure. Pixel shuf�ing drastically decreases dataset
classi�cation accuracy, but patch shuf�ing has minimal impact. This demonstrates that local structure
is important and suf�cient for models to learn the patterns of each dataset.

Figure 5:Effect of patch sizes. Dataset
classi�cation accuracy approaches the
reference one with larger patch sizes.

Pixel shuf�ing obfuscates the image classi�er with a per-
mutation of the pixels and forces it to �nd patterns from
the color distribution of pixels in each image. As expected,
this signi�cantly decreases the classi�cation accuracy to
52.2% for the random order and 58.5% for the �xed order.

Patch shuf�ing �rst divides each image into smaller
patches and then rearranges the order of the patches. Con-
sequently, it preserves more local spatial information.
Here we vary the patch size and show the results in Fig-
ure 5. The accuracies of the �xed order and the random
order shuf�ing are almost identical when the patch size is
larger than 1. Surprisingly, with a patch size of 16, we almost reach the 82% reference accuracy.

The signi�cant performance drop with pixel shuf�ing showscompletely destructing the local structure
in YCD can reduce its dataset bias to a large extent. However, the minimal accuracy decrease after
shuf�ing patches of size 16 indicatespatch-level local structures in spatial information is suf�cient
for identifying visual signatures of the YCD datasets.

3.5 RGB

The high classi�cation accuracy after pixel shuf�ing implies a discrepancy in pixel color distributions
among YCD. To further assess this difference in color statistics among datasets, we transform each
image into its average value for each color channel. Figure 6 shows the resulting images.
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YFCC CC DataComp

mean
RGB

48.5%
� 0.7%

Figure 6: Averaging each color channel. Even when the values of each channel in images are
averaged, the model can still achieve non-trivial dataset classi�cation performance.

Figure 7:Distribution of mean RGB values and confusion matrix. YFCC's RGB values are overall
smaller, while CC's and DataComp's are very similar. This is also re�ected in the confusion matrix
of dataset classi�cation on mean RGB images, where YFCC can be classi�ed very easily (indicated
by the dark blue box on the top left), while there is high confusion between CC and DataComp.

Mean RGB. We compute the mean RGB value for each image. This abstracts the pixel details into
a constant RGB color map and forces the image classi�er to only use color statistics. The model's
accuracy on mean RGB images is 48.5%, about 15% higher than the chance-level accuracy of 33.3%.

In Figure 7, we visualize the distribution of mean RGB values for YCD. There is only a moderate
difference in mean RGB distribution between CC and DataComp. However,YFCC is much darker
than CC and DataComp.This is further suggested by the confusion matrix of the dataset classi�cation
model trained on mean RGB images shown in Figure 7, where the model classi�es YFCC accurately
but shows more confusion when distinguishing between CC and DataComp.

3.6 Frequency

Neural networks tend to exploit texture patterns even when the recognition task is inherently about
the semantics [32, 21, 20]. If we decompose visual signals by frequencies, high-frequency bands
typically capture these texture patterns and sharp transitions, whereas low-frequency components
represent general structure and smooth variations. To explore how different frequency components
contribute to dataset bias, we apply high-pass and low-pass �lters to the original images.

YFCC CC DataComp

low-
pass
�lter

70.4%
� 0.5%

high-
pass
�lter

79.2%
� 0.2%

Figure 8:Transformations �ltering high-frequency and low-frequency componentsretain close-
to-reference accuracy. This indicates that dataset bias exists in different frequencies. The high-pass
�ltered images are equalized for better visualization.

High-pass �lter and low-pass �lter . To �lter signals based on frequencies, we �rst perform a 2D
Fast Fourier Transform on each grayscaled image to obtain its representation in the frequency domain.
We then apply an ideal �lter [22] with a hard threshold radius of 40 in the frequency domain, so as
to only keep either high (i.e., high-pass �lter) or low (i.e., low-pass �lter) frequencies. The �ltered
results are �nally inversely transformed to the original grayscale domain, visualized in Figure 8.
Additional results and visualizations are in Appendix B.6.
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The model trained on images with high frequencies kept has an accuracy of 79.2%. This is slightly
better than the one trained on images with low frequencies kept, which has an accuracy of 70.4%.
Both accuracies are close to the reference accuracy of 82.0%.

The high accuracy of models trained on either frequency component indicates thatvisual bias in the
YCD datasets exists in both low-frequency and high-frequency components.

3.7 Synthetic Images

Synthetic images hold signi�cant potential in augmenting data for various vision tasks [27, 3, 67, 1, 5].
Diffusion models [56, 46, 58] can generate synthetic images. However, if dataset bias can be inherited
from a diffusion model's training images to its generated images, bias may persist and even amplify
in downstream tasks that use generated images for training. To assess the bias in synthetic images,
we run dataset classi�cation on images generated from diffusion models, illustrated in Figure 9.

YFCC CC DataComp

uncond.
(custom-
trained)

77.6%
� 0.8%

text-
to-

image
(pre-

trained)

58.1%
� 0.4%

Figure 9:Synthetic images from unconditional and text-to-image generation models. Uncondi-
tionally generated images can be classi�ed with near-reference accuracy. Images from text-to-image
diffusion models using short captions have reasonable dataset classi�cation accuracy.

Unconditional generation. We train an unconditional Diffusion Transformer (DiT) [52] on each
individual dataset in YCD. The models learn to generate synthetic images from random noise. Dataset
classi�cation is performed on the combination of synthetic data generated from each model, resulting
in a very high accuracy of 77.6%, nearly matching the reference accuracy of 82.0%.

Text-to-Imagegeneration on image captions potentially preserves the semantic bias in the original
images. We generate synthetic images from the SDXL-Turbo [59] diffusion model, conditioned on
short captions produced by LLaVA (Section 3.2). By converting the original images into caption text
and then back to the visual domain, we only retain the semantics captured in captions. Note that,
unlike the unconditional generation experiment above, here we do not train our own text-to-image
model for each dataset; instead, we use the same pre-trained model for all datasets. We reach 58.1%
accuracy, falling slightly short of 63.8% when directly classifying short captions.

The high classi�cation accuracy from unconditionally generated images shows thatsynthetic images
sampled from a diffusion model can inherit the bias in the model's training images.The ability to
classify synthetic images generated by pre-trained text-conditional generation model further con�rms
thatsemantic discrepancy is a major contributor to dataset bias.

Summary. We analyzed the impact of various transformations on dataset classi�cation, identifying
semantics and structures as important contributors to dataset bias. Patch-level local structure informa-
tion is suf�cient to classify YCD, with datasets differing even in color statistics. Bias spans across
frequency components, particularly in high-frequency bands. Finally, we showed that bias can be
inherited in synthetic images of diffusion models. More results are in Appendix B.

4 Explaining Semantic Bias among Datasets

In the preceding section, we explore transformations to extract various types of image information,
each exhibiting varying levels of bias. Among them, semantic bias heavily contributes to the high
accuracy in the dataset classi�cation task [40]. In this section, we identify speci�c interpretable
semantic patterns within each dataset through object-level and language-based analysis.
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4.1 Object-level Queries

YFCC CC DataComp

Figure 10:Grad-CAM heatmap [82, 61] on the dataset classi�cation model trained on original
datasets. The model focuses on speci�c objects to determine the dataset origin of each image.

Grad-CAM [82, 61] highlights key regions in an input image that explain neural network predictions.
In Figure 10, applying Grad-CAM to the reference model (Section 3.1) shows that the model focuses
on semantically meaningful objects: elephant herd in the third image, table and chair in the fourth
image, and pen in the sixth image. This suggests that the model might have leveraged the object-level
information to recognize the dataset identity of each image. To better understand this, we apply
models pre-trained on other vision datasets (ImageNet-1K [15], LVIS [25], and ADE20K [83]) to
provide object annotations for each YCD image, and analyze their object-level bias. As a result, the
analysis below is in the context of 3 sets of object classes, de�ned by these 3 datasets.

Imbalanced object distribution. Imbalance in object distribution is a common form of semantic
bias. For each object class, we calculate the number of images in each dataset in YCD that contain
the object class and their percentage share relative to all images with that object class. Note for
LVIS and ADE20K models' output, we count each object class only once per image, even if multiple
instances or pixels of the same object class are present. Figure 11 shows the top 8 object classes with
the highest percentage of images from YFCC, CC, or DataComp. The dominance of a certain dataset
within these classes highlights a considerable imbalance in object-level distribution across datasets.

YFCC CC DataComp

Figure 11:Object classes with the highest proportions of YFCC, CC, or DataComp images.
Less-frequent classes are not shown. Most classes consist predominantly of images from one dataset.

Figure 11 also shows that YFCC constitutes much higher proportions in its top object classes than
CC and DataComp in their respective classes (note the different x-axis scales in each subplot). To
further see this, we visualize the distribution of unique object class counts per image in Figure 12.
The higher variety of objects in YFCC images shows a notable gap in object diversity among YCD.

Figure 12:Unique object classes per image.
On average, YFCC contains the highest num-
ber of unique objects in each image, followed
by CC, while DataComp exhibits the lowest.

Interpretable dataset classi�cation with objects.
The coef�cients of a logistic regression model form
a natural importance ranking of input features when
the features are binary. To leverage this, we represent
each image with a binary vector, where each element
indicates the presence of a speci�c object class from a
set of objects (i.e., ImageNet, LVIS, or ADE20K). We
train a logistic regression model to predict the dataset
origin of the images based on their binary vector rep-
resentations. This simple model achieves validation
accuracies of 52.0% with ImageNet objects, 52.4%
with LVIS objects, and 52.4% with ADE20K objects.

Figure 13 shows the top objects based on logistic regression coef�cients. It highlights outdoor
infrastructures (e.g., traf�c light, clock tower, telephone pole, and building) in YFCC and household
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YFCC CC DataComp

Figure 13:Object class ranking from logistic regression coef�cients. The regression classi�es
images based on object presence. YFCC has more top objects related to outdoor scenes, while CC
and DataComp focus on household items and products. Classes with low frequencies are not shown.

items, products, and digital graphics (e.g., doll, ring, vase, blazer, and website) in CC and DataComp.
These rankings partially overlap with the list of objects that are much more prevalent in one dataset
than the others (Figure 11). However, the object rankings also identify objects that are more balanced
across datasets, since logistic regression receives more weight updates based on more common objects
during training. Thus, it provides a complementary angle on object-level bias among the datasets.

4.2 Open-ended Language Analysis

The word clouds [48] in Figure 14 offer a visual representation of the most prevalent phrases in
the long paragraph captions of each dataset from Section 3.2. We observe several frequent phrases
featuring human subjects (e.g., people, group, wearing) in YFCC, elements of indoor scenes (e.g.,
room, and dining table) in CC, and a focus on white background in DataComp. In this section, we
will use the long captions as a proxy to dive deeper into the semantic themes in each dataset.

YFCC CC DataComp

Figure 14:Word clouds [48] on the 100 most
frequent phrases in each dataset. Phrase size
corresponds to its frequency.

Unsupervised topic discovery. We treat each cap-
tion as a document and apply the Latent Dirichlet
Allocation (LDA) [7] for topic discovery to each
dataset in YCD (with the number of topics set to
5). Figure 15 presents the top 5 words for each topic.
Notably, in YFCC, three topics (�rst, second, and
�fth) feature words associated with outdoor scenes;
in CC and DataComp, their topics cover “logo” and
“design,” suggesting the presence of digital graphics.

YFCC CC DataComp

Figure 15:LDA-extracted topics for each generated caption set. Each row lists the top 5 words for a
topic. YFCC focuses on outdoor scenes, while CC and DataComp contain more digital graphics.

Large Language Model (LLM) summarization. To assess whether dataset bias in captions can be
identi�ed by LLMs with limited examples, we provide GPT-4o with 120 captions per dataset and ask
it to infer the dataset origin of new captions. Inference is performed on one validation caption at a
time until accuracy stabilizes at 52.9% on 480 captions. Further details are in Appendix A.2.

This powerful ability of LLMs allows them to provide open-ended and detailed natural language
explanations. Speci�cally, we procedurally prompt GPT-4o to extract dataset-speci�c characteristics
from caption datasets and re�ne its answers into 5 bullet points, shown in Figure 16. In summary,
YFCC is characterized by abundant outdoor, natural, and human-related scenes, while DataComp
concentrates on static objects and digital graphics with clean backgrounds and minimal human
presence. In contrast, CC blends elements of both YFCC's dynamic scenes and DataComp's static
imagery. Appendix A.2 provides the entire prompt structure and the complete LLM summariza-
tion output. We further verify the validity of the semantic features from LDA and LLM in Appendix C.
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